This paper proposes a mixed GARCH-Jump model that is tailored to the speci…c circumstances arising in emerging equity markets. Our model accommodates lagged currency returns as a local information variable in the autoregressive jump intensity function, incorporates jumps in the returns and volatility, and allows volatility to respond asymmetrically to both normal innovations and jump shocks. The model captures the distinguishing features of the Asian index returns and signi…cantly improves the …t for those markets that were a¤ected by the 1997 Asian crisis. Our proposed model yields higher levels of conditional kurtosis and superior forecasts of the expected arrival rate of jumps.
Introduction
Mixed GARCH-Jump modeling has recently emerged as a powerful tool to describe the dynamics of asset returns in developed markets. Duan, Ritchken and Sun (2004) develop a NGARCH-Jump model that allows for correlated jumps in the returns and volatilities. In the limit, their discrete-time model can converge to continuous-time jump-di¤usion processes with jumps in the stochastic volatility. They …nd that the NGARCH-Jump model provides a better …t for the time-series of S&P 500 index returns relative to the normal NGARCH speci…cation. Maheu and McCurdy (2004) develop a mixed GARCH-Jump model that admits time-variation and clustering in the jump intensity. When applied to individual stocks and indices in the US, their model outperforms the constant intensity GARCH-Jump model.
They also provide evidence supporting the presence of leverage e¤ects, volatility clustering, and leptokurtosis in the time-series of asset returns.
As documented in the literature, stock index returns from emerging markets exhibit di¤erent characteristics compared to those from developed markets. For example, Harvey (1995) and Bekaert and Harvey (2002) argue that emerging market returns have higher volatility, fatter tails, and greater predictability. In contrast to the mature markets, Bekaert and Harvey (1997) show that volatilities in emerging markets are primarily determined by local information variables. Aggarwal, Inclan and Leal (1999) …nd that the volatilities in emerging markets exhibit large and sudden shifts. They …nd that these jump-like changes in the emerging markets' volatility are primarily associated with important local events.
Aggarwal et al. also …nd that most emerging markets'returns show positive skewness, which is in contrast to the negative skewness in developed markets. The question arises whether a mixed GARCH-Jump model can capture the distinguishing features in the emerging markets.
In this paper, we propose a mixed GARCH-Jump model that is tailored to the speci…c circumstances arising in emerging markets. Our model extends existing GARCH-Jump models by allowing for greater predictability in the jump process. In addition to being autoregres-sive, the time-varying jump intensity is also a function of the lagged exchange-rate changes.
We incorporate the absolute value of lagged currency returns as an information variable in the jump structure because it captures the macro-economic conditions and is an important determinant of the emerging markets' volatility. As shown in Maroney, Naka and Wansi (2004) , the foreign exchange markets contain information that can result in large movements in both the dollar and local returns in the emerging equity markets. The inclusion of the lagged exchange-rate changes in the GARCH-jump model can therefore help explain or predict the arrival of jumps in these markets. The proposed jump structure is su¢ ciently ‡exible to allow for both clustering and reversals in the jump likelihood. In addition, it induces more time-variation and state-dependency in the tail behavior, which can lead to greater kurtosis in the return distribution.
As in Duan et al. (2004) and Maheu and McCurdy (2004) , our mixed GARCH-Jump model incorporates jumps in the returns and volatilities. The inclusion of jumps in the volatility can potentially account for the large, but persistent movements in the emerging market volatility. The model allows conditional volatility to respond asymmetrically to both normal innovations and jump shocks. It can therefore accommodate both positive and negative correlations between the asset returns and volatilities. Our model speci…cation seems therefore well-equipped to capture the main time-series properties of the stock index returns in the emerging markets.
We apply the proposed model to daily Asian index returns. We select a diversi…ed group of emerging Asian markets (EAM), ranging from countries that were severely a¤ected by the 1997 Asian …nancial crisis to those that were relatively una¤ected. We consider a sample period from July 5, 1995 through August 7, 2002, which allows us to examine the dynamics of the Asian index returns before, during, and after the crisis. To evaluate the contribution of each model's component, we estimate and test six special cases of the model. The main results can be summarized as follows:
First, the mixed GARCH-Jump model captures several stylized features of the volatilities of returns in EAM. As expected, the results indicate higher volatilities for EAM relative to the US. For most EAM, the relatively high volatility is accompanied by negative mean returns during and after the Asian crisis. On aggregate, there is also more volatility persistence in EAM than in the US equity market. In most cases, we obtain less leverage e¤ect in the EAM volatilities as compared to the US. We note that the volatilities in the EAM and the US exhibit large, abrupt movements that indicate the presence of jumps in returns and volatilities. In addition, we …nd that the EAM volatilities respond asymmetrically to jump shocks.
Second, jumps play a more critical role and induce quite di¤erent tail behavior in the EAM as compared to the US. In particular, in the absence of GARCH e¤ects, the decomposition of the quadratic variation shows that the dominance of the jump component over the di¤usion component is greater in most EAM relative to the US. The dominant role of the jump component in the EAM is primarily due to the relatively high variability of the jump size. In contrast, the dominance of jumps in the US equity market is primarily driven by the frequency of jumps. The introduction of GARCH e¤ects signi…cantly reduce to role of jumps, indicating that jumps mimic the high volatility regimes in the constant volatility models. With respect to the tail distribution, we observe that the model-implied skewness is positive for most EAM and negative for the US, and the implied kurtosis is substantially higher in the EAM than in the US.
Third, in all cases, allowing for time-varying jump intensity signi…cantly improve the overall performance of the GARCH-Jump model. This improvement is accompanied by higher levels of tail thickness in most markets. The time-varying jumps exhibit signi…cant clustering for all index returns, but are more predictable for the EAM index returns. In this respect, the inclusion of lagged exchange-rate changes as a local information variable in the jump dynamics signi…cantly improves the …t of the GARCH-Jump model for most EAM returns and provides further evidence of the predictability of jumps in these markets.
Speci…cally, we …nd that the lagged exchange-rate changes have substantial predictive power in those EAM that were a¤ected by the crisis.
The remainder of the paper is structured as follows. In Section 2, we specify our mixed GARCH-Jump model with state-dependent jump intensities and six nested models. Section 3 presents the data and econometric methodology. The results are discussed in Section 4 and Section 5 provides the conclusion of the paper.
Model Speci…cations
In this section, we present a general model that can capture the main stylized features in the time-series of equity returns in emerging markets. This general speci…cation accommodates leverage e¤ects, volatility clustering, leptokurtosis, and state-dependent jumps that a¤ect both the index returns and volatility. It extends the existing mixed GARCH-jump models by allowing the time-varying jump intensity to be a function of the lagged exchange-rate changes. To examine the role and signi…cancy of each component of the general model, we also consider a hierarchy of six special cases.
The General Model
The general speci…cation is a discrete-time jump-di¤usion model with state-dependent jump intensity and asymmetric power-GARCH e¤ects. We denote this model henceforth as the JDSI-PG model. Under this model, the dynamics of the index returns, r t , is given by
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As can be inferred from equations (2), (3), and (4), all higher moments are time-varying in the general speci…cation. In Equation (2), the total variation of the returns can be decomposed 7 into smooth, di¤usion-driven variation, h t ; and jump-induced variation. The conditional variance, h t , a¤ects the conditional skewness and excess kurtosis only when t 6 = 0. Hence, only jumps can induce non-normalities in the distribution of the index returns.
The conditional variance, h t , of the di¤usion component follows an asymmetric power GARCH(1,1) process,
where is the leverage parameter and captures the volatility clustering. The conditional variance in Equation (5) is quite similar to the power-GARCH and NGARCH models used respectively in Heston and Nandi (2000) and Duan et al. (2004) . To ensure positive h t , nonnegative constraints are imposed on the parameters 0 , 1 , and . In addition, for stationarity, the parameter is restricted to be smaller than unity. As shown in Heston and Nandi, the parameter 1 controls for the kurtosis in the return distribution and the stochastic nature of the volatility. For example, when 1 = 0, the volatility changes deterministically over time.
The speci…cations in equations (1) and (5) incorporate jumps in both the returns and volatilities. Several recent studies …nd that accommodating for jumps in the return and volatility process considerably improves the model's …t for the return data of developed equity markets. 1 We expect similar, or even greater improvements for the emerging equity markets. As documented in Aggarwal et al. (1999) , the emerging markets are characterized by high volatilities and exhibit large, sudden changes in the variance. The inclusion of jumps in the volatility can account for these large, but persistent movements in the emerging markets'volatility. In the JDSI-PG model, the jump innovation of the previous period, " 2;t 1 , a¤ects the conditional volatility, h t . Thus, while the current jump events are incorporated immediately in the current prices, they have an impact on the future expected volatility.
The parameter, , in Equation (5) 8 variance. For < 0, an aggregate negative shock (" t 1 < 0) on the returns increases the variance more than an aggregate positive shock (" t 1 > 0). This asymmetry implies a negative correlation between the index returns and the conditional volatility, and is loosely refer to as leverage e¤ect. Bekaert and Wu (2000) and Wu (2001) …nd that both leverage e¤ect and volatility feedback can be important explanations for asymmetric volatility. The leverage e¤ect entails that bad news (" t 1 < 0) reduces the value of the stock, which in turn increases …nancial leverage, making the stock riskier and, hence, its volatility higher. The volatility feedback assumes that volatility is priced and that its increase causes an increase in the expected return, resulting in a drop in the current stock price. In the JDSI-PG model, as in Maheu and McCurdy (2004) and Duan et al. (2004) , the conditional volatility can respond asymmetrically to both normal innovations (" 1;t 1 ) and jump shocks (" 2;t 1 ).
For the speci…cation of stochastic jump intensity, we build on the autoregressive conditional jump intensity model presented in Maheu and McCurdy (2004) . In this model, the probability of jumps is allowed to change over time. The conditional jump intensity, t , depends on the last period's conditional intensity, t 1 , and an intensity residual, t 1 , which is given by
where E [N t 1 jI t 1 ] is the ex post probability of jumps and t 1 represents the ex ante probability. In Appendix I, we present the explicit expression for the ex post probability.
The jump structure of the autoregressive jump intensity model allows for clustering in the jump likelihood. Maheu and McCurdy present evidence supporting the presence of jump clustering in the US stock returns and …nd that their model outperforms the constant jump intensity speci…cation.
We extend the autoregressive jump intensity model for the EAM by allowing the conditional jump intensity to also be a function of the lagged changes in the exchange rate vis à vis the US dollar,
where x t 1 is the lagged rate of change in the dollar value of the each Asian currency. Our motivation for incorporating lagged currency returns as an information variable in the jump structure in Equation (7) (1998), and Pan (1999) points to the importance of incorporating volatility in the random jump intensity. They show that a high volatility before and during a market crash can increase the probability of jumps. However, as noted in Chernov et al. (2003) , a jump intensity that is an a¢ ne function of the volatility may not be suitable to accommodate the jump behavior observed in the equity markets. We see that volatility tends to remain high after a market crash, while the arrival of jumps drops considerably after a crash. In our JDSI-PG model, the inclusion of the absolute value of the currency returns allows the jump intensity to be a non-a¢ ne function of the volatility. It can therefore allow for both clustering and reversals in the jump likelihood. The latter implies that high (low) jump probability can be followed by low (high) intensity. 
The Nested Models
We use six special cases of the JDSI-PG model to obtain more insights in each speci…c characteristic of the equity returns in the EAM. The simplest case is the discrete version of the geometric Brownian motion (GBM). In the GBM, there are only two free parameters to be estimated, namely, and = p 0 . Next, we augment the GBM with symmetric GARCH e¤ects. This GBM-G model is obtained from the general model by setting t = = 0 and = 0. To gauge the importance of asymmetry in the volatility structure, we relax the restriction on the leverage parameter, , but maintain t = = 0. This case is labeled the GBM-PG model.
To isolate the impact of jumps, we start with the Merton (1976) jump-di¤usion (JD)
model. This nested model allows for jumps in the returns, but ignores time-variation in the volatility and jump intensity. We next consider the case with stochastic volatility, but constant jump intensity, t = . We refer to this speci…cation as the JD-PG model. The …nal special case allows for time-varying jump intensity, but excludes the lagged currency returns by letting 2 = 0. This case with autoregressive jump structure is denoted as JDAI-PG model.
The Data and Estimation Methodology
The data used in this study consist of daily closing prices for stock indexes from the US and eight emerging Asian markets (EAM [Insert Table 1 here]
We divide the data into three subsamples. The …rst subsample covers the pre-crisis period, starting from July 1995 to right before the o¢ cial crisis date of each country. As indicated in Table 1 , the crisis dates vary across countries. Table 1 presents the summary statistics for the daily index returns. Except for China, the average daily returns on the stock indexes are negative for all EAM during the full sample period. The index returns in China display a higher average than the S&P 500, and the Thailand index records the lowest average in our sample. We notice that the index returns in most EAM exhibit large extremes. The maximum daily return observed in the EAM (Korea) and the US is respectively 26:79 and 5:57 percent, and the minimum is respectively 40:85 (Indonesia) and 7:11 percent. These extreme returns are detected primarily during the crisis period in Panel C and are concentrated in those EAM that were most a¤ected by the Asian crisis.
[Insert Figure 1 and 2 here]
The time series plots of the index level and returns in Figure 1 and 2 provide further illustration of the extreme movements in the EAM. In Table 1 , the standard deviation of the daily returns in all EAM is higher than in the US. It ranges from 1:65 percent for India to 3:68 percent for Indonesia. We also note that the non-normality of the returns, as measured by the skewness and kurtosis, is substantially larger for the EAM-5 countries relative to the US. For example, the sample kurtosis of the index returns in the EAM-5 countries ranges from 8:18 for Thailand to 24:25 for Malaysia. In Panel E, we observe that the exchange rates of all the EAM, excluding China, have depreciated vis-à-vis the US dollar. On average, Indonesia has the largest depreciation and shows the largest standard deviation. We also note that the standard deviation for China is very small due to the tight foreign exchange rate policy conducted in this country.
We use the maximum likelihood estimation (MLE) for all model speci…cations. For each model, the estimation involves maximizing the conditional log-likelihood function with respect to the parameter vector of that model. The conditional probability density function for the general JDSI-PG model is presented in the Appendix. As in Jorion (1988) and Maheu and McCurdy (2004) , we …nd that truncation of the in…nite sum in the likelihood at 10 captures all the tail probabilities and gleans su¢ cient precision in the estimation procedure.
We use the Likelihood Ratio (LR) to test the nested models and to examine the importance of each component of the JDSI-PG model.
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4 Results
Mean return and volatility level
Panel A of Table 2 presents the results for the GBM model. The estimates for the mean and the volatility in Table 2 are almost similar to the sample moments in Table 1 . 3 As expected, the full-sample parameter estimates for the volatility, , are higher for all stock index returns in the EAM relative to the S&P 500. The daily volatility in the EAM ranges from 1:65 percent in India to 3:68 percent in Indonesia, as compared to 1:20 percent in the US. The relatively high volatilities in the EAM, except China, are accompanied by negative mean returns. This can be primarily attributed to the Asian crisis in 1997. As pointed out in Maroney et al. (2004), it is the high leverage linked to exchange rate resulting in higher risk and lower mean returns when the Asian crisis began.
[Insert Table 2 here]
The subsample results for the GBM model indicate large shifts in the volatility of the EAM. Speci…cally, for most EAM, the volatilities during the crisis period are substantially higher than the volatilities before and after the crisis. For example, the pre-crisis volatility for Indonesia increases from 1:60 to 5:85 percent during the crisis, and then drops to 2:24 percent in the post-crisis period. We also note that across all subperiods the volatility of the index returns is higher for EAM as compared to the US. These …ndings are consistent with the summary statistics in Table 1 .
Volatility clustering and leverage e¤ects
In Panel A of Table 3 , the log-likelihoods of the GBM-PG model indicate that allowing for time-variations and leverage e¤ects in the volatility of the index returns of both EAM and 3 We note, however, that they do di¤er at the …fth decimal.
14 the US signi…cantly improves the performance relative to the GBM model. For all EAM and the US, the LR tests strongly reject the GBM in favor of the GBM-PG at the conventional 5 percent signi…cance level. The parameter estimates for the GBM-PG model provide further evidence that the volatility in the EAM is stochastic, persistent, and asymmetric.
The estimates for the parameter 1 are signi…cant and show that the volatility is changing stochastically over time. The fact that all the estimates for are positive and statistically signi…cant implies volatility clustering in EAM and the US. The aggregate autoregressive coe¢ cient in the volatility process is very close to one for the EAM-5 group, resulting in a persistence e¤ect that is stronger than in the US.
4
[Insert Table 3 here]
For all EAM and the US, Panel A shows negative values for the leverage parameter, .
5
With an estimated value of 0:99 for , the volatility of the US index returns is substantially more asymmetric than that of the EAM. A possible explanation is that volatility is more systematic in the US as compared to the EAM. As noted in Harvey (1995) and Bekaert and Campbell (1997) , the volatility in the emerging markets is primarily driven by local factors. These country-speci…c factors are either not priced or have a low correlation with the world market. In this respect, we notice that the EAM that is less integrated with the world market, namely China, has (in absolute value) the lowest parameter estimate for the asymmetry, = 0:0466. In contrast, with = 0:3363, the well-integrated Taiwanese market exhibit the highest asymmetry among the EAM.
Panel B, C, and D of Table 3 present the subsample results for the GBM-PG model.
During the crisis-period in Panel C, the aggregate persistence e¤ect in the EAM, except India, is stronger than in the US. We note that the volatility clustering in most EAM-5 (except Korea) dropped substantially after the crisis period. The subsample results show that the Asian crisis also brought about changes in the volatility asymmetry of most EAM.
The post-crisis leverage e¤ect is higher as compared to the pre-crisis for all markets, except
Thailand. For Korea, the estimate of the post-crisis leverage parameter is 1:0003, which is substantially higher in absolute value than the pre-crisis estimate of 0:2805: For China and India, we observe a change from no leverage e¤ect before the crisis to relatively high leverage e¤ects after the crisis.
[Insert Figure 
Jumps, skewness, and excess kurtosis
The results for the JD model are reported in Table 4 . For all EAM and the US, the log likelihoods in the last rows of Table 2 and 4 reject the GBM in favor of the JD at the 5 percent signi…cance level. They show that index returns in the EAM and US exhibit large, infrequent moves that cannot be captured by a di¤usion process. In addition, the results also suggest that the return distributions of the indexes in these markets deviate signi…cantly from the normal distribution.
[Insert Table 4 here]
Substituting the relevant parameter estimates from Panel A of Table 4 in equations (2), (3), and (4), we get the total variation and its decomposition, skewness, and kurtosis of the index returns implied by the JD model. These results are reported in Table 5 . Consistent with the GBM, we …nd that the total variation of the index returns is higher in the EAM as compared to the US. We also note that the total variation in EAM and US is predominantly due to the jump component. Speci…cally, jumps account for more than 70 percent of the total variation of the index returns in the EAM (except Taiwan) and 68:49 percent in the US. The source of the high contribution of the jump volatility in the EAM is primarily the relatively high variability of the jump size, . All the estimated values for in the EAM are higher than the 1:15 percent in the US. The dominance of the jump component in the US is driven by the high value of 0:7205 for the arrival rate of jumps, .
[Insert Table 5 here]
Except for India, the implied skewness is positive for all EAM and negative for the US.
With an implied skewness of 0:3364, the index returns are more skewed in the Indonesia equity markets relative to the other EAM and the US. In most cases, the sign of implied skewness is consistent with that of the sample skewness in Table 1 . However, in terms of magnitude, the JD model cannot generate the sample skewness for the EAM. We also note that the estimates for the skewness parameter, , should be interpreted with some caution since they are statistically insigni…cant in most cases.
Using the moments in equations (2), (3) and (4), we …nd that the implied kurtosis is higher for the EAM as compared to the US. Although the JD model can capture the stylized feature of fatter tails in the EAM, it cannot reproduce the extreme high statistical kurtosis in the EAM-5. For example, the model implied kurtosis for Malaysia is 7:94; which is signi…cantly lower than the value of 24:25 for the sample kurtosis. Such a mismatch can be attributed to the Gaussian distribution of the jump sizes and the i.i.d. arrival rate of jumps in the JD model. In this respect, using an alternative distribution for the jump size or permitting the tail thickness to change over time may improve the model's performance for the EAM.
The subsample estimates in Panel B, C, and D of Table 5 indicate that the arrival rate of jumps and, therefore, the tail behavior in the EAM di¤er substantially across the subperiods.
Quintos et al. (2001) provide evidence that supports structural changes in the tail behavior of the Asian asset returns. In addition, we …nd that jumps dominate across all the subperiods.
Except for China and India, this dominance is greater for the EAM as compared to the US and is more pronounced during the crisis. For Indonesia, the jump component accounts for 83:38 percent of the total variation, making the di¤usion component almost absent during this period.
Jumps and asymmetric GARCH e¤ects
The results of the JD-PG model are presented in Table 6 . For all countries, the log likelihoods in the last rows of Table 3 , 4, and 6 reject the GBM-PG and JD in favor of the JD-PG model at the 5 percent signi…cance level. This result indicates that both stochastic volatility and jumps are important characteristics of the asset returns. On the one hand, jump discontinuities in the equity index returns play a signi…cant role even in the presence of time-varying volatilities.
On the other hand, introducing jumps in the returns without accommodating for timevariation in the volatility can only account for some of the stylized facts in the EAM and the US.
[Insert Table 6 here]
The parameter estimates of the JD-PG model in Panel A of Table 6 show that allowing the JD model, the contribution of jumps is extremely high because it also incorporates the high volatility regimes of the returns. However, in the presence of asymmetric power-GARCH e¤ects, the role of jumps is drastically reduced in all the markets. In addition, we note that for most EAM the jumps in the return and volatility lead to an increase in the estimate of the leverage e¤ect parameter, . For China, the absolute value of the leverage e¤ect parameter increased from 0:0466 (Table 3) to 0:1431 (Table 6 ). This increase can be an indication that the conditional volatility responds asymmetrically to both normal and jump shocks in these EAM.
At …rst glance, the subsample estimates for the arrival rate of jumps, , in Panel B, C, and D of Table 6 are quite puzzling. In contrast to the JD results, we observe for most countries that the arrival rate of jumps drops considerably during and after the crisis. A possible explanation for this seemingly con ‡icting result is the fact that for the JD model the high and volatile volatility during these two subperiods has to be captured by the jump component, while under the JD-PG model it is captured by the GARCH component. Hence, in the presence of GARCH e¤ects, the jump component is released of the extra burden of capturing the high volatility regimes and only has to describe the extreme rare movements in the returns. In this respect, we observe that in most cases the absolute value of the mean jump size, j j, in the JD-PG model increases during the last two subperiods. (2004) is ‡exible enough to capture the jump dynamics in both developed and emerging equity markets. Surprisingly, with a log likelihood of 5607:45 compared to 5591:62, the improvement in the statistical …t is more pronounced for the US, followed by China and
The impact of autoregressive jump intensity
Korea. This result suggests that autoregressive jump intensity can be critical in both mature and emerging markets, and does not necessarily depend on the occurrence of market crashes.
[Insert Table 7 here]
The estimated parameters for and 1 provide further evidence supporting time-variation in the jump intensity. For most EAM and the US, the estimated values for are high and statistically signi…cant, indicating clustering in the jump process. The result for the US is broadly agreeable with the …ndings in Maheu and McCurdy (2004) for the US index returns.
We note that the jump clustering is higher for China and Thailand. In addition, the estimates for 1 show that the jumps in most EAM are more predictable than in the US. Speci…cally, with a higher estimated value of 0:4196 for the parameter 1 , the revisions in the conditional forecasts of N t 1 play a more important role for the US as compared to most EAM.
Panel B of Table 7 shows that accommodating time-varying jump intensity signi…cantly impacts the tail distribution of the index returns. For almost all EAM, the average implied kurtosis of the JDAI-PG model is notably higher than that of the JD and JD-PG model.
Thus, the JDAI-PG can capture the stylized feature of fatter tails in the EAM better than the constant jump intensity models. We note, however, that the JDAI-PG model cannot match the extreme high statistical kurtosis of the EAM-5. For example, for Malaysia, we observe that the average implied kurtosis of 10:59 for the JDAI-PG model is signi…cantly lower than the statistical kurtosis of 24:24 in Table 1 .
[Insert Figure 4 here] Figure 4 displays the time-series of the conditional jump intensity for the EAM and the US. In all nine countries, the arrival rate of jumps exhibit signi…cant changes over time. We observe, however, that the arrival rates follow notably di¤erent paths among the EAM. For 20 example, for the EAM-5 group, there is a substantial increase in the time-variation of the jump likelihood when the crisis began. In contrast, for China, India, and Taiwan, the peaks in the arrival rate of jumps do not appear to be related to the Asian crisis.
4.6 The predictive power of exchange-rate changes Table 8 reports the likelihoods and parameter estimates for the full- ‡edged JDSI-PG model.
Except for China and Taiwan, the LR tests show that the inclusion of the lagged exchangerate changes in the jump structure signi…cantly improves the …t relative to the nested JDAI-PG model. With an increase of the log likelihood from 4239:27 to 4255:22 and one degree of freedom, we observe that the greatest improvement is recorded for Indonesia. It appears that the predictive power of this information variable depends on the prevailing exchange rate regime in the emerging market. In the case of China, we see that the lagged currency returns do not contribute signi…cantly due to the non-convertibility and …xed exchange rate policy. Most EAM maintain a managed exchange rate regime before the crisis. During the midst of the Asian crisis, all EAM-5 replaced the managed- ‡oating exchange rate regime by a free- ‡oating exchange rate arrangement, which may explain the predictive power of the lagged currency returns in this group of EAM.
[Insert Table 8 here]
The parameter estimates for 2 are positive and statistically signi…cant at the one percent level for all EAM-5 countries. Hence, the greater the absolute value of the exchange rates changes, the higher the expected jump likelihood in these EAM. In contrast, we see that 2
is statistically insigni…cant for China, India, and Taiwan, indicating that the lagged currency returns have no predictive power in those Asian markets that were not a¤ected by the crisis.
The predictive power of the lagged currency returns varies considerably across the EAM-5
countries. With an estimated value of 0:0737 for 2 , the lagged exchange-rate changes in Malaysia is a stronger predictor than in the other EAM-5 countries. The inclusion of lagged currency returns leads to lower parameter estimates for 1 in all EAM-5, which indicates that the importance of the forecast revisions is reduced in the presence of this information variable.
Furthermore, we detect that the parameter values for are still quite large, indicating jump clustering across all EAM. Thus, for most EAM, the presence of lagged currency returns does not diminish, but rather complements the role of the autoregressive jump intensity.
[Insert Figure 5 here]
Panel B of Table 8 In this respect, Figure 5 illustrates the total variation and its components for both the JDAI-PG and JDSI-PG model. To save space, we only plot the graphs for Indonesia and Korea. Figure 5 shows how the conditional volatility a¤ects the pattern of the jump intensity under the JDSI-PG model. In particular, we observe for Indonesia and Korea that high volatility increases the probability of jumps when lagged currency returns are incorporated in the jump structure. In contrast, under the JDAI-PG model, we note that the jumps capture only a small fraction of the total variation during the high volatility periods and the jump likelihood is not a¤ected by the volatility.
We also notice that adding the local information variable has an impact on the tail probabilities of the index returns. In most cases, the average implied skewness and kurtosis of the JDSI-PG model are slightly higher than those of the JDAI-PG model. However, for the EAM-5 countries, the average conditional kurtosis implied by the JDSI-PG model is still not high enough to match the sample kurtosis.
[Insert Table 9 here]
The …ndings in Table 9 show that the t are unbiased forecasts for E [N t jI t ] for both the JDAI-PG and JDSI-PG model. We note, however, that on average the forecast errors are lower for the JDSI-PG model. For most EAM-5 countries, the incorporation of lagged currency returns increases the arrival rate of jumps and improves the forecast ability of t . This result indicates that the local information variable can help explain or predict the number of jumps in distressed equity markets. For China, India, and Taiwan, the forecast ability of t remained (on average) the same after the inclusion of the currency returns in the intensity function. The jump process in these EAM is most probably in ‡uenced by other local information variables.
Conclusion
In this paper, we have proposed a mixed GARCH-Jump model with state-dependent jump intensities to examine the stylized features of the index returns in emerging Asian markets.
Our mixed GARCH-Jump (JDSI-PG) model allows the jump intensity to be autoregressive and dependent on the lagged exchange-rate changes. It accommodates jumps in the returns and volatility. In the GARCH component of the model, conditional volatility can respond asymmetrically to both normal and jump returns shocks. We investigate whether this model can capture the essential features in the emerging Asian equity markets, covering the periods before, during and after the Asian crisis. To examine the signi…cancy of each model's component we have also estimated six nested models.
We …nd that the mixed GARCH-Jump model can capture several distinguishing features of the emerging Asian equity markets. As expected, the volatility is higher in these markets as compared to the US. The high volatilities are accompanied by negative returns even long after the Asian crisis. The volatility is highly persistent and exhibits large, abrupt changes in the presence of the Asian crisis. The leverage e¤ect of normal return shocks in the Asian markets is less than in the US, but the asymmetric response of the volatility to jump-like shocks is greater in the Asian markets.
Although jumps plays a signi…cant role in both the emerging Asian markets and the US, we note that its contribution is greater in those markets that were a¤ected by the crisis. This jump contribution in the Asian markets is primarily induced by the high jump variability, whereas in the US it is driven by the higher arrival rate of jumps. In comparison to the US returns, the tails of the Asian returns are notably fatter before, during, and after the crisis.
The constant jump intensity fails to capture these extreme tail distributions in the emerging markets and is strongly rejected by the time-varying jump intensity.
The autoregressive jump intensity generates higher levels of conditional kurtosis and improves the model's performance more for the emerging Asian markets as compared to the US. We …nd that jumps a¤ect volatility and are highly clustered in both types of markets.
We also observe that the jump dynamics exhibit di¤erent patterns among the Asian markets, indicating the importance of local information variables in the jump structure. Adding lagged exchange-rate changes as an information variable in the autoregressive jump intensity function signi…cantly improves the …t of the mixed GARCH-Jump model for those Asian markets that were a¤ected by the crisis. It o¤ers higher levels of conditional kurtosis and superior forecasts of the expected arrival rate of jumps in these countries.
Our mixed GARCH-Jump model and the nested models are not able to reproduce the sample skewness in a satisfactory manner. This can be due to sampling error or model misspeci…cation. In the Poisson-based jump models considered, the skewness parameter is 24 also the parameter for the average jump size. In addition, the jump size is assumed to be normally distributed. An avenue for future research of emerging market returns is to consider alternative distributions of the random jump size and to examine the impact of other local information variables.
Appendix
The ex-post probability of jumps, E [N t jI t ] ; is de…ned by Maheu and McCurdy (2004) as
where P (N t = jjI t ) is the ex post inference on N t given the time t information,
r t is the lagged index return, f (r t jN t = j; I t 1 ) is the probability density function conditional on j jumps and information set I t 1 ,
and f (r t jI t 1 ) is the likelihood function conditional on the information set I t 1 ; Figure 2
Time Series Plots of Daily Returns
The following graphs illustrate the time series plots of the daily returns for the US and eight emerging Asian stock markets from 7/5/95 to 8/7/02. The following graphs illustrate the time series plots of conditional volatilities computed from the GBM-PG model for the US and eight emerging Asian stock markets from 7/5/95 to 8/7/02.
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Time Series Plots of Variance Components
The following graphs illustrate the distinction of time series plots of the total variance implied by the JDAI-PG and the JDSI-PG model and the variance components for two (Korea and Indonesia) of five emerging Asian markets affected by the 1997 Asian financial crisis from 7/5/95 to 8/7/02. 
